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Figure 1: Minimalist Compliance Control (A) requires no force sensors or learning, estimating external wrenches fo directly
from motor current or voltage signals using a motor torque model and Jacobians. These estimates drive a spring—mass—damper
model to update task-space position references. (B) This minimalist approach generalizes across embodiment, from robot arm
and dexterous hand to humanoid robot, and (C) remains plug-and-play with any policy such as VLM-based policy, imitation
policy, and model-based policy, and across diverse tasks such as wiping, drawing, scooping, and in-hand manipulation.

Abstract—Compliance control is essential for safe physical
interaction, yet its adoption is limited by hardware requirements
such as force/torque sensors. While recent reinforcement learning
approaches aim to bypass these constraints, they often suffer
from sim-to-real gaps, lack safety guarantees, and add system
complexity. We propose Minimalist Compliance Control, which
enables compliant behavior using only motor current or voltage
signals readily available in modern servos and quasi-direct-
drive motors—without force sensors, current control, or learning.
External wrenches are estimated from actuator signals and Jaco-
bians and incorporated into a task-space admittance controller,
preserving sufficient force measurement accuracy for stable and
responsive compliance control. Our method is embodiment-
agnostic and plug-and-play with diverse high-level planners. We
validate our approach on a robot arm, a dexterous hand, and two
humanoid robots across multiple contact-rich tasks, using vision—
language models, imitation learning, and model-based planning.
The results demonstrate robust, safe, and compliant interaction
across embodiments and planning paradigms.

I. INTRODUCTION

Widespread adoption of compliance control is currently
hindered by significant hardware barriers. Standard admit-
tance and impedance control typically rely on expensive
force/torque sensors or actuators with precise force feedback

capabilities that are not available on many widely used robot
platforms [11, 32, 26, 31, 50, 21, 44, 40, 51, 9, 17, 16, 54,
I5]. To address this, recent work has proposed leveraging
Reinforcement Learning (RL) to learn compliance control
policies [41, 52, 43, 29, 5, 19, 53, 30]. Typically, these
approaches learn a position controller to mimic compliance
behavior through reward shaping during training. However,
there are two major limitations of RL-based compliance: First,
these methods suffer from the sim-to-real gap when deployed
in the real world, such as discrepancies in position tracking and
stiffness accuracy. Consequently, the learned controllers often
lack safety guarantees and can produce unexpected, large force
spikes during physical interaction [52, 43, 29]. Moreover, RL-
based pipelines increase the framework’s complexity and can
be difficult to tune [30, 41].

To overcome hardware barriers while avoiding unnecessary
complexity, a key observation is that motor current or PWM
(pulse-width modulation, which is essentially voltage) inher-
ently contains information for estimating external wrenches.
In fact, early work in the 1990s leveraged motor current for
torque estimation, but required carefully designed observer-
based filtering to mitigate substantial measurement noise and
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recover physically meaningful external forces [33, 12]. In con-
trast, modern actuator designs feature significantly improved
current sensing and high-bandwidth current control loops, and
have demonstrated that torque estimated from motor current
closely matches ground-truth measurements [34, 24, 46].

Another key observation is that inaccurate stiffness realiza-
tion and imprecise external wrench estimation affect compli-
ance in different ways. Compliance control does not require
highly accurate force magnitudes; instead, it primarily depends
on correct force sign/direction and reasonable accuracy in the
relevant frequency band to ensure stable and timely responses
to disturbances. When these properties are preserved, approx-
imate wrench estimates are sufficient to induce compliant
behavior, and improved magnitude accuracy mainly enhances
performance rather than safety [52]. In contrast, RL-based
approaches do not explicitly guarantee either force sign con-
sistency or frequency-domain behavior.

Therefore, we propose Minimalist Compliance Control for
robots equipped with modern servos or quasi-direct-drive
(QDD) motors (Fig. 1). Our method (1) calibrates the motor
characteristics (e.g., torque constant), (2) estimates external
wrenches from motor current or PWM, and (3) applies task-
space admittance control using the estimated wrench. This
approach provides three advantages that together democratize
compliant behavior for a broad class of robotic systems:

« No Force Sensors: By estimating external forces and
torques solely via motor current or PWM signals ubiqg-
uitous in modern actuators, we eliminate the dependency
on direct force/torque/tactile sensing hardware, drastically
reducing system cost and maintenance requirements. No-
tably, our approach does not even require current sensors
or current-controlled motors; raw PWM signals alone are
sufficient. Despite its simplicity, this model-based estima-
tion preserves sufficient force measurement accuracy for
stable and responsive compliance control. In contrast, RL-
based methods provide no explicit guarantees on these,
increasing the risk of unsafe behavior during real-world
contact. Meanwhile, our approach retains additional ad-
vantages, including reactive behavior and the ability to
respond to disturbances beyond end-effector wrenches.

« Embodiment-Agnostic: Grounded in task-space admit-
tance control, our framework naturally generalizes across
diverse morphologies, from fixed-base robot arms to
dexterous hands and floating-base humanoids.

« Plug-and-Play with Any Policy: Our model-based ap-
proach remains compatible with a wide variety of high-
level planning strategies and requires minimal tuning,
ranging from vision—language models (VLMs), imitation
learning, to model-based motion planning.

In summary, we present a Minimalist Compliance Control
framework that enables compliant interaction without force
sensors or learning, extending this capability to a wide range
of robotic systems equipped with QDD motors and even high
gear-ratio servos typically considered unsuitable for sensorless
estimation. We validate our method through comprehensive

experiments on four distinct platforms—a robot arm, a dexter-
ous hand, and two humanoid robots—across contact-rich tasks
such as wiping, drawing, scooping, and in-hand manipulation.
Moreover, our method can be rapidly deployed across new
platforms without complex calibration—a key advantage of the
“minimalist” approach. For example, we deploy our method
on the Unitree G1 within 5 hours, without motor sysID—using
manufacturer-provided torque constant.

II. RELATED WORKS
A. Robots and Force Torque Sensors

Many widely used robot platforms lack end-effector
force/torque sensors or joint torque sensors. This is a limi-
tation that spans diverse embodiments, including robot arms
(e.g., ARX, ViperX, and ALOHA [1]), dexterous hands (e.g.,
LEAP [35], ORCA [10], and DexHand [47]), and humanoid
robots (e.g., Unitree G1, Berkeley Humanoid Lite [7], and
ToddlerBot [36, 22, 45]). While installing external 6-axis
force/torque sensors offers a direct solution, industry-standard
options like the ATI Mini-45 are often bulky, limited in
robustness, and prohibitively expensive [37, 3, 8]. While alter-
native tactile technologies like optical [48], resistive [23], and
magnetic [2] sensors exist, they are often limited by durability,
signal drift, or susceptibility to interference. Moreover, they
generally require complex calibration and primarily sense
normal forces and rough estimates of shear forces. Another
key observation is that these robotic systems are all equipped
with modern servo and QDD motors, which motivates our
approach to estimate external wrenches from motor current or
PWM signals that are readily available on these platforms.

B. Model-based Compliance Control

Classical model-based strategies, such as task-space ad-
mittance and impedance control [11, 32, 26], provide prin-
cipled frameworks for regulating contact forces via virtual
spring—mass—damper dynamics. However, these approaches
typically require either 6-axis force/torque sensors or accurate
joint torque sensing and control. To relax these hardware
requirements, prior work has explored sensorless force esti-
mation using joint-level disturbance observers that separate
externally induced torques from internally modeled dynamics,
enabling force or motion control without dedicated force sen-
sors [33, 12, 38, 25]. These methods, however, rely on accurate
full-body dynamics models or specialized joint instrumenta-
tion (e.g., strain-gauge torque sensors), which are unavailable
on the low-cost servo and QDD platforms we target. More
recently, improved current sensing, high-bandwidth current
control, and proper calibration have enabled accurate torque
estimation directly from motor current, primarily in systems
with low transmission distortion such as direct-drive and QDD
motors [34, 24, 46, 14, 27]. Our work extends beyond low-
transmission actuators and shows that servo motors with high-
reduction transmissions (gear ratios exceeding 200:1), even
without current/torque control, can be reliably used for torque
estimation and subsequent admittance control.



C. RL-based Compliance Control

As another approach to address hardware limitations, recent
work has explored reinforcement learning (RL) for compliant
control, aiming to implicitly infer external wrenches from
proprioceptive signals through a neural network [30, 43, 52].
These methods generally fall into two categories: task-specific
policies, which train on augmented datasets around specific
motion clips to absorb disturbances [30], and task-agnostic
policies, which aim to generalize across tasks by mimicking
spring—mass—damper dynamics [52, 43, 29]. However, the
black-box nature of these policies often leads to sim-to-
real discrepancies, resulting in a lack of safety guarantees
and susceptibility to dangerous force spikes. In this work,
we achieve reliable compliance control using explicit wrench
estimation and classical model-based control, without sim-to-
real transfer or black-box policies.

III. METHOD

We present our low-level compliance controller in Sec-
tion , , , and high-level planning strategies
in Section , , . Each planning strategy can be
used independently with our compliance controller. Fig.
summarizes the inputs and outputs of each policy.

A. Spring—Mass—Damper Model

In our compliance controller, each end-effector is modeled
as a spring—mass—damper system that responds to commanded
motion and external wrenches. The dynamics are governed by:

mX = Kp(xdes - X) + Kd(xdes - X) + fcmd + fexta (1)

where x € R® denotes the end-effector pose with orientation
represented as a rotation vector, m is the effective mass (set
to 1 for simplicity), K, and K, are the stiffness and damping
matrices, Xges and Xges are the desired pose and velocity, and
f.ma and £, are the commanded and external wrenches.

B. Motor Torque Estimation

Motor torque sensing is not directly available in most servo
and QDD motors. Therefore, we estimate motor torques from
motor current or pulse-width modulation (PWM) signals that
can be used to infer motor current. We sysID the motors
following standard motor models described in [13, 28].

For motors with current sensors, we directly read the motor
current I, from the sensor. For motors without current sensors,
we estimate the motor current using the following relations:

Vewm = PWM X Vi, ()
Vet = Ki 3)
I, = Vewm — Vemt @

Ry, ’
where [, is the motor winding current, Vpwym is the PWM
voltage, Venr is the back EMF, R,, is the winding resistance,
PWM € [0, 1] is the duty cycle, Vi is a constant bus voltage,
g is the motor velocity, and K, is the velocity constant.

With Eq. (3), we calibrate K, by sweeping the motor
through different velocities under no-load conditions where
Vewm =~ Vems. We estimate R,, using an external current sensor
to measure I, under varying PWM duty cycles, then solve for
Ry, with Eq. (4). The motor torque constant K; is calibrated
from the current-torque relationship:

Kt _ 7—load’

Ny
where Tjo,q is the measured load torque, 1 € (0, 1] is the motor
efficiency accounting for power conversion losses, and I,
is the motor winding current. We use manufacturer-provided
torque constants K; when available; otherwise, we calibrate K
under different load and velocity conditions. This means that
for motors equipped with current sensors and manufacturer-
provided K, no additional sysID is required. Concretely, for
QDD motors used in the ARX X5 arm and Unitree G1, we
use manufacturer-provided K;. For Dynamixel servos used in
ToddlerBot and the LEAP Hand, which lack current sensing,
we calibrate K, ourselves using an open-source testbed [36].

To account for asymmetric power transmission in forward
and backward drive, we apply direction-dependent gains:

(&)

- ) sign(rwd), IQ\ > €vel; ©)
dpreva |CI\ < €vel,
nK Iy, d > 0 (forward drive),
Tload = 1 . (7)
n~ Ky, d<0 (backward drive),

where d is the forward/backward drive state determined from
the sign of power flow 7y, €y is a velocity threshold to
debounce, and T7p,q is the output torque at the joint. dpey
is initialized to be 1. In forward drive (d > 0), the motor
accelerates the load, and efficiency 7 accounts for power
losses. In backward drive (d < 0), external forces back-
drive the motor, and the inverse efficiency ~! accounts for
brake amplification through the transmission. Calibration is
performed using a low-cost, open-source, 3D-printed motor
testbed [36] and requires no specialized equipment. In practice,
sysID takes less than 20 minutes per motor. All code is open-
sourced. SysID takes under 20 minutes per motor model;
the identified parameters (K, R, K:,n) are shared across
all joints of the same model, avoiding per-joint calibration.
Manufacturing variability and simple testbeds can introduce
10-20% parameter errors, but our method remains robust. The
controller depends on force direction and relative magnitude,
not absolute values, making it resilient to such errors.

To isolate external torques, we compensate for the gravity
by subtracting 7gry from the measured torque:

Text = _(r * Tload — 7-grav)y (8)

where r is the gear ratio and 7g,, is the gravity-induced
torque. We assume a quasi-static interaction regime, in which
inertial and velocity-dependent terms, such as joint accelera-
tion and Coriolis effects, are negligible compared to gravity
and externally applied torques. This is a deliberate design
choice for our minimalist goal: incorporating these terms
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Figure 2: Policy Inputs and Outputs. We show that Minimalist Compliance Control is plug-and-play with a range of high-

level policies that benefit from compliant interaction. We illu

strate the inputs and outputs of (A) a VLM-based policy, (B)

an imitation policy, and (C) a model-based policy. The math symbols refer to those in Eq. (1). (A) and (C) predict only the
directions of the stiffness K, and force command f 4, while their magnitudes remain fixed. For all three, the damping matrix

is set for critical damping as K; = 2 K,l,/ 2, assuming an identity inertia matrix, where (-)'/2 denotes the matrix square root.
We also visualize the VLM pipeline to predict 3D contact points and normals, which are interpolated to generate Xges.

would require accurate full-body inertia models and joint-
acceleration estimates, increasing the calibration burden and
the risk of instability. Under this assumption, 7.y provides a
reliable estimate of the externally induced torque. Empirically,
this assumption holds for most tasks that require compliance,
where interactions are dominated by low-frequency, quasi-
static contacts rather than highly dynamic motions.

C. External Wrench Estimation

The external wrench is estimated from motor torques using a
flexible formulation that supports either full-wrench recovery
or selective, axis-aligned estimation. When full-wrench esti-
mation is enabled, we recover the contact force and optionally
the torque by solving a regularized least-squares problem:

£, = argmin [ITE = e||” + A2, )
where ff, € R3? is the translational component of f.,
Jp € R3*7" is the translational Jacobian of the contact site,
and ) is a regularization coefficient. Torque components can
be recovered analogously using the rotational Jacobian J,..

For improved numerical conditioning and noise robustness,
we optionally estimate only the physically relevant compo-
nents—namely, the force along the contact normal. For a
selected unit axis @ € R3, we estimate the corresponding
axis-aligned force as

fP — (ﬁTJp) Text
T G Y@l I)T A
p p

Both formulations assume a single contact point per end-
effector; we do not localize multiple contacts and instead map
them to an equivalent end-effector wrench. This formulation
reduces to a set of independent 1D regularized least-squares
problems, avoiding ill-conditioned Jacobian inversions while
preserving compliant behavior in the directions of interest.

(10)

Torque components along selected axes are estimated in the
same manner using J,.

D. Admittance Control with Inverse Kinematics

Given the estimated external wrench fext, admittance control
is realized by integrating the spring—mass—damper dynamics to
update the task-space motion reference. At each control step k&,
the reference acceleration xfer is computed from Eq. (1), and
the system is advanced using a semi-implicit Euler scheme:

s (11)
(12)

o k+1
Kref
k+1
ref

=3x8+ Atk

X Xref .
Here, k denotes the discrete control step, At is the control
period. The resulting task-space reference is mapped to joint-
space via an inverse kinematics (IK) solver [49], yielding
position targets tracked by joint controllers. The IK solver

uses damped least squares to handle near-singular Jacobians.
E. Safety Analysis

The admittance dynamics in Eq. (1) enforce a structural
force—displacement relation. Letting Ax = x — x5 denote the

deviation from the desired pose, with f.,3 = 0 the dynamics

reduce to:
mAx 4+ KgAx + K,Ax = fouts (13)

where m, K,, and K  are inherited from Eq. (1). The

corresponding transfer function is
A(jw) = —w*mI + jwKy + K, (14

which reduces to A (jw) ~ K, in the quasi-static band, giving
[fextl| ~ (K || | Ax]].

With bounded multiplicative estimation error f,,, = (I +

E)fex, |E|| < e < 1, the worst-case interaction force satisfies:
K, | [|Ax

||fele S Ma (15)

1—¢



preserving admittance-induced safety bound up to a factor (1—
€)1 when the estimate is accurate in the task frequency band.

F. VLM-based Planning

The first planning method uses vision foundation models
and vision—language models to predict 3D contact points and
normals, which are interpolated into a dense trajectory.

Reasoning in Pixel Space. Our pipeline first applies open-
vocabulary segmentation using SAM3 [4] on rectified RGB
images to localize the target object. For wiping tasks, candidate
pixels are grid-sampled within the mask bounding box, while
for drawing tasks, candidates are generated from predefined
end-effector workspace rectangles. A vision—language model
(VLM) is then prompted with the rectified image and the list
of candidate pixel coordinates to output an ordered sequence
of waypoints for each end-effector.

Lifting to 3D Space. Depth is estimated using Foundation
Stereo [42] and lifted to 3D using camera intrinsics. The
resulting 3D point cloud is transformed from the camera
frame to the world frame using the head pose and camera
extrinsics. We then interpolate smooth trajectories at 50 Hz
with approach and retreat segments, pauses, separate free-
space and contact speed limits. Contact forces f.,q are applied
along the estimated surface normals, while stiffness matrices
K, are computed from surface normals and fixed tangential
and normal values, and damping matrices K, are derived
assuming critical damping. The pipeline is illustrated in Fig.

G. Imitation Learning

Data Collection. We employ a teleoperation setup similar
to [1]. A leader arm computes end-effector poses via forward
kinematics in MuJoCo [39] and streams them to the follower,
where the received pose is used to set the desired end-effector
target xqe.s. The follower then tracks this target using a low-
level compliance controller during physical interaction.

Policy Deployment. We use a diffusion policy [6] with
a conditional 1D UNet that predicts diffusion noise over
action sequences, conditioned on visual features extracted by
a ResNet-18 encoder [18]. At each control step, the policy
takes the observed end-effector pose x as input and outputs
the desired end-effector target x4, Which is passed to our
compliance controller to generate x. for execution.

H. Model-based Planning

Hybrid Force-Velocity Planning. When contact location
is known, a robust compliance profile can be computed
in closed-form using optimally-conditioned hybrid servoing
(OCHS) [20]. At each step, OCHS takes in the desired
system velocities and contact information to compute a hybrid
force-velocity control. The force control action maintains
the safe engagement of desired contacts, while the velocity
control action guarantees the desired object/robot velocities.
To implement the computed hybrid force-velocity action on
our compliance controller, we assign high stiffness in the
velocity-controlled directions, while setting low stiffness and
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Figure 3: Comparison with Force Sensor Readings. Dashed
lines ( f) denote the estimated forces, while solid lines (f)
show ground-truth measurements from an ATI Mini45 sensor.
The mean absolute error is 0.69 +0.73 N for ToddlerBot with
servo motors (gear ratio > 200:1) and 1.054+1.60 N for ARX
arm with QDD motor (gear ratio =~ 10:1).

force offset in the force-controlled directions for each end-
effector. The stiffness matrix for an end-effector with a desired
Cartesian velocity v is computed as

’U’UT

[

To simplify implementation, the velocity component pro-
duced by OCHS is integrated over time to generate Carte-
sian position commands, which, together with the force and
stiffness commands, are jointly executed by our compliance
controller. Using this formulation, the robot can perform
contact-rich manipulation tasks, such as in-hand rotation,
while maintaining robust contact behavior.

K= klowI + (khigh - klow) (16)

IV. EXPERIMENTS
A. Hardware Setup

We validate our compliance control method on four robotic
platforms with distinct morphologies: ARX X5 robot arm with
QDD motors; Unitree G1 with QDD motors; ToddlerBot [36]
with Dynamixel servos; and LEAP Hand [35] with Dynamixel
servos. None of the platforms is equipped with force/torque
sensors, and some even lack current sensing and control,
making them ideal for evaluating our approach based solely
on motor current or PWM feedback and position control.

B. External Wrench Estimation

In this experiment, we press an ATI Mini45 force/torque
sensor against the end-effector while running our compliance
controller, apply pushes along each Cartesian axis, and es-
timate the resulting three-axis contact forces. The estimated
forces closely match the sensor measurements, remaining near
zero in free space and accurately tracking contact events.
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Figure 4: Qualitative Comparison with Baselines. In this
experiment, ToddlerBot draws a heart on a whiteboard using
a target trajectory generated by a VLM. All methods follow
the same command, which specifies the desired end-effector
position Xges, velocity Xges, stiffness K, damping Kg, and
commanded wrench f,q. We visualize the 3D end-effector
trajectories and real-world execution results for UniFP [52],
FACET [43], our method without fext, and our full method.

Table I: Quantitative Comparison with Baselines. We report
position tracking errors in millimeters and orientation tracking
errors in radians, defined as the deviation of x from x4.s. We
also report the humanoid’s root pitch as a proxy for contact
force. Since the contact point is at an approximately fixed
distance from the center of mass, the moment arm is nearly
constant, making root pitch correlated with the applied force.

Pos. Error (mm)  Ori. Error (rad) Root Pitch (rad)

UniFP [52] 57.8 + 30.2 0.147 £ 0.119 0.068 + 0.020
FACET [43] 224 £ 11.0 0.151 £+ 0.087 0.018 + 0.008
Ours W/o fex 225 +9.6 0.082 + 0.040 0.060 £ 0.038
Ours 159 + 5.1 0.048 + 0.043 0.029 + 0.012

Quantitative results are reported in Fig. 3. Although friction is
not explicitly modeled, accounting for the drive state d (for-
ward/backward) is sufficient for accurate estimation, with gear-
box efficiency n implicitly capturing friction and transmission
losses from high gear reductions. To reduce noise, we apply
an exponential moving average (EMA) filter with o = 0.9
for ToddlerBot and @ = 0.1 for the ARX arm. A larger «
yields more responsive but noisier estimates, highlighting the
trade-off between responsiveness and smoothing introduced
by the EMA filter. A transient spike in ToddlerBot’s z-axis
force around ¢ = 5 arises from a temporarily ill-conditioned
Jacobian that couples z- and z-axis estimates; in practice, this
has negligible impact on task performance.

C. Compliance Control

Baseline Implementation. We compare our compli-
ance controller against two RL baselines, UniFP [52] and
FACET [43], the state of the art in learning-based compliance.
We retain the original policy formulations with only minor

implementation-level adjustments. Both baselines are tuned
on our hardware for over one week in the same MuJoCo
infrastructure, sharing identical command sampling ranges
(Tab. I1); reward weights are tuned per method (Tab. III).
During training, end-effector pose, external and commanded
interaction wrenches, stiffness, and damping are uniformly
sampled within the robot’s reachable workspace. The ranges
ensure kinematic feasibility and remain consistent with those
trajectories encountered during evaluation (Fig. 4), avoiding
infeasible or out-of-distribution commands. We also adjust the
reward weights to emphasize stable and responsive behavior
under contact. More details are described in Appendix
Evaluation Results. As shown in Fig. 4, the heart-shaped
target trajectory is generated by the VLM-based policy and
executed by all methods. UniFP and FACET struggle to track
the position accurately while maintaining appropriate contact
force with the whiteboard. The external wrench estimation in
our method is also crucial for regulating contact force. Tab.
reports quantitative results on position and orientation tracking
errors, as well as the humanoid’s root pitch, which correlates
with contact force. FACET exhibits the smallest root pitch
because it fails to apply sufficient contact force to the board.
Additional Attributes. Our controller runs at about 12 ms
per step, with about 10ms spent in the IK solver [49].
These timings are profiled on a Jetson Orin NX. Moreover,
since motor currents respond to disturbances anywhere on the
robot, the controller can react beyond end-effector contacts.
Qualitative results are shown in the supplementary video.

D. ToddlerBot Results

We evaluate three high-level planners on the ToddlerBot hu-
manoid platform to demonstrate that our compliance controller
integrates seamlessly across planning paradigms. As shown
in Fig. 5, we consider three tasks: drawing and wiping on a
whiteboard with a VLM-based policy, placing an egg on bread
with a spatula using an imitation policy, and rotating a ball
using a model-based policy. These tasks require appropriate
contact force, motivating the use of compliance control. Each
task includes a position-control baseline, which fails due
to loss of contact, insufficient force (failing to establish or
maintain contact), or excessive force (increasing tangential
friction and tracking errors). We observe that the quasi-static
assumption does not degrade performance in these tasks.

VLM-based Policy. For drawing and wiping, we attach a
sponge to ToddlerBot’s left hand and a pen to the right. Given a
text prompt (e.g., “star”’) and an initial stereo observation of the
whiteboard, vision foundation models and VLMs predict a 3D
contact trajectory, which our compliance controller executes
while maintaining contact force. After drawing, the robot
captures a new observation to infer contact points for wiping.
The compliance controller compensates for sometimes inac-
curate predictions of 3D contact points and normals through
compliant interaction. In contrast, the position-control baseline
either fails to establish contact or applies excessive force,
resulting in poor tangential tracking. The end-to-end pipeline
runs in 3-6s, with about 90% of the latency from the VLM
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Figure 5: ToddlerBot Results. We demonstrate that Minimalist Compliance Control works on a floating-base humanoid robot
and integrates seamlessly as a plug-and-play module across diverse high-level planners. Tasks include drawing and wiping on
a whiteboard with a VLM-based policy, placing an egg on bread with a spatula using an imitation policy, and rotating a ball
with a model-based policy. Odd rows (Ours) present successful executions of our method, while even rows (Position Control)
illustrate representative failure cases of the baseline. Our controller maintains appropriate contact forces and stable interaction,
whereas the position-control baseline frequently loses contact, applies insufficient force, or exerts excessive force, leading to
task failure. Insufficient force typically fails to establish or maintain contact, while excessive force increases tangential friction
and leads to larger tangential tracking errors.
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Figure 6: LEAP Hand Results. We show that Minimalist Compliance Control generalizes across embodiments, including
dexterous manipulation. We evaluate two high-level strategies: a VLM-based policy for multi-finger drawing and wiping on a
whiteboard, and model-based planning for in-hand reorientation of various objects. Both tasks demand precise contact force
regulation. Each also includes a position-control baseline, which fails due to contact loss, insufficient force, or excessive force.

API call. Qualitative results are shown in Fig. 5. More details

are described in Appendix

Imitation Policy. For the egg placement task, we attach a
spatula to ToddlerBot’s right hand. To train diffusion policies,
we collect 200 demonstrations with the compliance controller
active, logging both xg4.s and X For a fair comparison,
the compliance-enabled policy uses Xg4es as the action output,
whereas the position-control baseline uses X, which is the
trajectory after compliance-based adjustment via the spring—
mass—damper model. Because inference-time trajectories are

not strictly in-distribution, the compliance controller cor-
rects local errors by reacting to estimated external wrenches,
whereas a pure position controller cannot. The baseline often
fails to stabilize the bread as a stopper or applies excessive
force with the spatula, leading to poor tangential tracking. Our
method achieves a success rate of 16/20 = 80%, compared to
8/20 = 40% for the position-control baseline.

Model-based Policy. In the ball rotation task, we command
a target angular velocity and follow a fixed sequence of
rotation commands specifying the axis and which hand to



use. For horizontal-axis rotations, the robot uses a single hand
(left or right), whereas vertical-axis rotations are performed
bimanually. The planner also takes the object’s geometry and
scale as input. Our method achieves an average rotation of 21°,
while the baseline typically slips or rotates the ball by only
2°-3°. Rotation is estimated from multi-view observations by
fitting the ball contour, matching surface features, lifting them
to 3D sphere points, and solving for the best-fit rotation.

E. LEAP Hand Results

We further evaluate our controller on the LEAP Hand to
show its effectiveness in dexterous manipulation. We consider
two tasks: whiteboard drawing and wiping using a VLM-based
policy, and in-hand reorientation of various objects using a
model-based policy (Fig. 6). Both require precise contact force
regulation. Although the LEAP Hand’s mechanical design pro-
vides some passive compliance that a position controller can
partially exploit, we show that incorporating active compliance
control is still crucial for reliable performance.

VLM-based Policy. We use a setup similar to the Toddler-
Bot experiments, but the LEAP Hand can draw with multiple
fingers simultaneously. A third-person view stereo camera
observes the whiteboard. A pen is mounted on the index and
ring fingers, and a sponge on the middle finger. Given the
prompt “Letter O and Letter K,” a VLM-based policy predicts
the 3D trajectory, which the compliance controller executes
reliably. In contrast, the position-control baseline either fails
to establish contact or tracks poorly due to excessive force.

Model-based Policy. For in-hand reorientation, we com-
mand target linear or angular velocities and execute a prede-
fined sequence of commands. The planner receives the object’s
geometry and scale as input. Our method achieves an average
translation of 3.6 cmn and a rotation of 27°, and can sustain
reorientation for more than three cycles of translation and
rotation commands. In contrast, the position-control baseline
typically drops the object within the first few commands.

V. CONCLUSION

In conclusion, Minimalist Compliance Control achieves
reliable compliance using widely available actuator signals,
without force sensors or learning, making this capability ac-
cessible to many robotic systems with modern servo and QDD
motors and lowering the barriers to contact-rich manipulation.
We validate the method on a robot arm, a dexterous hand,
and two humanoid robots across diverse contact-rich tasks,
demonstrating that it generalizes across embodiments and
integrates with vision—language, imitation, and model-based
policies to achieve more stable contact than position control.

Limitations. Our current approach does not account for
non-backdrivable or self-locking actuators. Motors with signif-
icant stiction or backlash are also not explicitly modeled and
would require additional system identification. The wrench es-
timator further assumes a single contact point per end-effector
and does not localize multiple contacts on the same kinematic
chain. Additional effects, including joint acceleration, Coriolis
terms, and thermal dynamics, could improve accuracy if

modeled, but this introduces a trade-off between accuracy and
complexity. In this work, we prioritize a minimalist design
that provides sufficient accuracy for reliable performance in
contact-rich tasks.
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